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Abstract
The Conductor-like Polarizable Continuum Model (C-PCM), together with the Amovilli-Mennucci method implemented in the
GAMESS-US package, was used to estimate the electrostatic, dispersion, and repulsion free energies of organic molecules in 1-
octanol and water. Solvation calculations in water and 1-octanol were performed using the C-PCM//PBE-VWN/6-31G(2p,2d)
method to determine the electrostatic contribution to the solvation free energy. A quantitative structure–property relationship (QSPR)
approach was then used to derive a model for estimating the cavitation free energies of organic molecules from their experimental
solvation free energies. In addition, using the atomic surface areas of the C, H, N, and O atoms in the organic molecules, calculated
with the GEPOL-GB method, along with the electrostatic and non-bonding free energies, two QSPR models were constructed to
predict the 1-octanol/water partition coefficient (logP) for neutral organic molecules containing a single functional group from the
following classes: alcohols, ketones, aldehydes, carboxylic acids, esters, ethers, amines, alkanes (linear and cyclic), and aromatic
compounds. For alcohols, 1,2-ethanediol, 1,3-propanediol, and 1,4-butanediol were included in the training set. Model A, which
uses electrostatic free energies and atomic surface areas, achieved a coefficient of determination of R2 = 0.991, while Model B,
which incorporates non-bonding free energies, achieved R2 = 0.986. The applicability domain of the models is explicitly defined
for monofunctional compounds at infinite dilution and 298.15 K.
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1. Introduction

The equilibrium between liquid phases, or between liquid
and vapor, is critical to understanding a wide range of
chemical and biological phenomena; indeed, understand-
ing and predicting such equilibria is essential for opti-
mizing chemical products and processes [1]. Researchers
have generally employed these types of equilibria to the-
oretically estimate a range of properties, including the
aqueous solvation energy of polar and nonpolar species,
the vapor pressure and boiling point of pure liquids, the
equilibrium constant of carboxylic acids in the aqueous

phase, and the partition coefficient of a solute between
two immiscible liquids [2–8].

The partition coefficient of a solute between two im-
miscible liquids is one of the most significant properties
used in this context. This property is particularly valuable
for describing the behavior of amphiphilic molecules and
species used in the pharmaceutical industry. The distribu-
tion of a molecule between water and a lipid material is
typically described using the 1-octanol/water partition co-
efficient Ko/w, commonly expressed as (Ko/w = logP ),
which is regarded as the most important physicochemical
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property for describing the affinity of chemical species for
a given solvent [9–11].

1-Octanol is widely accepted as the material whose
behavior most closely resembles that of lipids found in na-
ture, and the partition coefficient is the most widely used
descriptor in structure-property relationship (QSPR) stud-
ies [12]. Concurrently, QSPR models emerge from a pro-
cess that begins with the description of molecular struc-
tures and culminates in the prediction of molecular behav-
ior across different phases [13–16]. Consequently, QSPR
models have been developed using properties calculated
by quantum mechanical methods and molecular dynam-
ics [17–20].

A variety of quantum mechanical solvation mod-
els, including C-PCM (Conductor-Like Polarizable Con-
tinuum Model) and COSMO (Conductor-Like Screening
Model), have been used to investigate and calculate the
properties of chemical compounds in solvents [21–27].
In these methods, the solvent is represented by a contin-
uous dielectric model, which provides a satisfactory de-
scription of molecular properties at low computational
cost and yields favorable results. Numerous methods
have also been developed to predict the molecular prop-
erties of solutes in different solvent media, including the
molecular volume of liquids, vapor pressure, and solva-
tion energies [28–32]. Accordingly, this study employs
the C-PCM solvation method to calculate the structural
and energetic properties of a set of organic molecules.
Two quantitative structure-property relationship models
were then obtained to estimate the 1-octanol/water parti-
tion coefficient (Ko/w = logP

)
and the free energies of

solvation for these groups of organic molecules. While
solvation free energies are essential for understanding
solute-solvent interactions, the partition coefficient is in-
herently a transfer property between two phases. The
distinction between transfer and solvation free energies
is critical because the former accounts for the competi-
tive solvation of the solute by two immiscible solvents,
including effects of activity coefficients, conformational
changes, and specific solvent-solvent interactions that are
not captured by single-solvent continuum models.

2. Theoretical Framework

The solvation free energy (∆Gsolv) is the free energy
change required to transfer a molecule from the vacuum
into the solvent [23] and can be defined by Equation (1):

∆Gsolv = ∆Gelec +∆Gdisp +∆Grep +∆Gcav

+RT ln
(
qrot,gqvib,g

qrot,sqvib,s

)
−RT ln

(
nM,gΛ

3
M,g

nM,sΛ3
M,s

)
(1)

The term∆Gelec is the electrostatic component aris-
ing from the interaction between the solute and the solvent
medium. The variables ∆Grep and ∆Gdisp are the free
energies of repulsion and dispersion between the solute
and solvent. Finally, the term∆Gcav is the free energy re-
quired to construct the cavity of the solute in the solvent;
the last two terms are negligible.

2.1. Electrostatic Free Energy

Under the influence of a solvent described by a dielectric
continuum model, the Hamiltonian of the solute can be
defined by Equation (2) as:

Ĥ = Ĥo + V̂ (2)

Here, Ĥo is the Hamiltonian of the isolated solute,
and the operator V̂ describes the solute-solvent interac-
tion, which depends linearly on the state functionΨ of the
solute. In this case, the electrostatic free energy∆Gelec is
determined by variational minimization of the free energy
of the solute, given by Equation (3):

∆Gelec =
〈
Ψ
∣∣∣Ĥo

∣∣∣Ψ〉+
1

2

〈
Ψ
∣∣∣V̂ ∣∣∣Ψ〉 (3)

In general, the interaction operator V̂ is written in
terms of apparent polarization charges. In each tessera i, a
charge qi appears, according to the conductor-like bound-
ary condition:

V
(
→
r
)
+
∑segments

i
Vqi

(
→
r
)
= 0 (4)

where V
(
→
r
)
and Vqi

(
→
r
)
are the electrostatic po-

tentials due to the solute and to the polarization charges,
respectively, and →

r is a point on the segment surface.
The vector of polarization chargesQ can be defined

by Equation (5):

AQ = −V (5)

Here, the vector V contains the electrostatic poten-
tial due to the solute on the surface segment. The elements
of matrix A are expressed by Equations (6) and (7):

Aii = 1.07

√
4π

Si
(6)

Aij =
1∣∣∣→r i −

→
r j

∣∣∣ (7)

where Si is the area of tessera i. Equation (6) was defined
by Klamt and Schüürmann for a simple sphere partitioned
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into segments of identical surface area [21]. In C-PCM,
the polarization charges are scaled so that the total po-
larization charge obeys Gauss's law; an effective way to
achieve this is to multiply each charge by the factor ε−1

ε ,
yielding new charges given by Equation (8):

q =
ε− 1

ε
Q (8)

Here, ε corresponds to the dielectric constant of the
solvent. At the same time, the contribution ∆Gelec is im-
portant for polar and charged solutes because of the po-
larization of the solvent, which is modeled as a uniform
medium of a given dielectric constant.

2.2. Free Energy Required for the
Construction of a Molecular Cavity in
the Solvent

To determine solute–solvent interactions, the molecules
are placed in cavities formed by overlapping spheres cen-
tered on the solute atoms. Constructing the cavity for
the solute in the solvent requires a certain amount of en-
ergy, known as the cavitation free energy, a concept in-
troduced by Uhlig [33] and initially applied to determine
the solubility of gases in liquids. To determine the cavi-
tation free energy, ∆Gcav , several models have been de-
veloped, including the formulation proposed by Reiss and
Pierotti [34–36]. This theory describes fluid molecules
using hard spheres to evaluate ∆Gcav , which is deter-
mined by a polynomial depending on the radius Rms,
corresponding to the sum of the radii of the solute and
solvent:

∆Gcav = K0 +K1Rms +K2R
2
ms +K3R

3
ms (9)

The coefficients Ki (i = 0, 1, 2, 3) are expressed in
terms of the properties of the solvent, including its molec-
ular radius and number density, and those of the system
(pressure P and temperature T). These can be calculated
using Equations (10)–(13):

K0 = RT

[
− ln(1− y) +

9

2

(
y

1− y

)2
]
− 4πR3

sP

3
(10)

K1 = −3RT

Rs

[
y

1− y
+ 3

(
y

1− y

)2
]
+ 4πR2

sP (11)

K2 =
3RT

R2
s

[
y

1− y
+

3

2

(
y

1− y

)2
]
− 4πRsP (12)

K3 =
4πP
3

(13)

The term y =
4πR3

sns

3 is associated with the micro-
scopic terms. The cavitation free energy is a positive term
that accounts for the loss of entropy of the solvent due to
the reorganization of its molecules in the presence of the
solute.

2.3. Free Energies of Dispersion and
Repulsion

This section presents the models used to calculate the dis-
persive and repulsive contributions to the solvation free
energy. Using the atom-atom interaction model [37], the
dispersion free energy between two molecules A and S is
described by Equation (14):

E(A,S)disp = −
∑∞

n=6

∑
t∈S

∑
a∈A

d
(n)
at r−n

at (14)

Here, d(n)at is the dispersion coefficient and rat is the
distance between atoms. In real solutions, the description
of the relative distances between the atoms of the solute
and solvent can be replaced by the distribution function
defined in Equation (15):

ρat(rat) = Ntρsgat(rat) (15)

In Equation (15), Nt is the number of atoms of type
t for each solvent molecule, ρs is the number density of
the solvent, and gat is the correlation function, which de-
pends on the interaction distance (rat). Using a continu-
ous function allows the summation over S to be replaced
by an integral, shown in Equation (16):

Gdisp(AenS) =

−
∑

t∈S

∑
a∈A d

(6)
at Ntρs ×

∫
drtgat(rat)r

−6
at

(16)

Using Equation (16), it is possible to determine the
dispersion free energy of a solute in a solvent. In turn,
Amovilli [38] proposed amodel to calculate the dispersion
free energy using a quantum-mechanical treatment:

∆Gdisp = 1

π

∫ ∞
0

dω
∑

K ̸=0

ωA
0K

ωA2
0K +ω2

×∫
d
→
r 1

∮ d
→
r 2

r12
PA

(
0K

∣∣∣→r 1

)
σB

[
B(iω), PA

(
0K

∣∣∣→r )](→
r 2

) (17)
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where PA

(
0K
∣∣∣→r ) and ωA

0K are the densities and energies
of transition of a state K of the solute. The term σB is
the surface charge density induced by the electric field
of the charge distribution PA

(
0K
∣∣∣→r ), which depends on

a dielectric constant calculated at imaginary frequencies.
Additionally, σB is always smaller than the square of the
refractive index η2B , estimated at zero frequency and mea-
sured from the electronic transitions in the visible spec-
trum. However, Mennucci and Amovilli [39] defined
these terms using Equation (18):

σB [B(iω), PA(0K)]
(
→
r
)
=

Ω2
B

Ω2
B+ω2

η2
B−1

4πη2
B
EA

0K

(
→
r
) (18)

where ΩB = ηBIB depends on the ionization potential
IB of the solvent. Here, EA

0K

(
→
r
)
is the component of the

electric field orthogonal to the surface of the solute cav-
ity at the point →

r , associated with the transition density
PA

(
0K
∣∣∣→r ). Using Equations (18) and (17), the disper-

sion free energy can be defined as:

∆Gdisp = − η2
B−1

8πηB

(
ηB+

ωA
IB

)∑
K ̸=0

∮
d
→
r V A

0K

(
→
r
)
EA

0K

(
→
r
) (19)

The term V A
0K is the potential associated with the

electric fieldEA
0K. All terms associatedwith the dispersion

free energy equation are calculated using the restricted
Hartree-Fock method.

To calculate the repulsion free energy in the sol-
vation process, Amovilli and Mennucci [39] proposed a
model based on the method of Floris [37] and Equation
(20):

∆Grep = ρB

∫
d
→
RUAB

rep

(
→
R

)
gAB

(
→
R

)
(20)

Here, A and B correspond to the solute and the sol-
vent, respectively.

→
R is an appropriate set of coordinates

defining the internal geometry of the complex AB, ρB is
the number density of the solvent, and gAB is a correlation
function whose value is zero inside the solute cavity and
one outside it. This model is based on the principle that
the repulsive force between two interacting molecules fol-
lows the Pauli exclusion principle. Based on this principle,
the free energy of repulsion increases with the overlap of
the two distributions and is related to the density of elec-
trons with the same spin. Thus, the repulsion free energy
in the solvation process can be calculated using Equation
(21):

∆Grep = ρBn
B
par

∫ →
R 1

2

∫
d
→
r 1d

→
r 2

r12
PA

(
→
r 1,

→
r 2

)
Ppar

(
→
R

∣∣∣∣→r 2,
→
r 1

) (21)

Here, nB
par is the number of pairs of valence

electrons of the solvent, and Ppar

(
→
R

∣∣∣∣→r 2,
→
r 1

)
and

PA

(
→
r 1,

→
r 2

)
correspond to the adapted pair density ma-

trices. Here,
→
R are the coordinates of the center of the lo-

calized orbital containing the pairs of free or bonded elec-
trons of the solute molecule.

2.4. Distribution of a Solute in Two
Immiscible Liquids

Consider two immiscible liquids in contact, into which a
non-dissociable solute A is incorporated at a concentra-
tion within the dilute-solution range [9,40]. The solute A
distributes between the two phases to form a solution. If
both phases are in equilibrium, the chemical potentials of
solute A in both phases are equal and can be written as:

µ(solute,α) = µ(solute,β) (22)

In turn, the chemical potential of soluteA in a given
phase can be written as:

µ(solute,i) = µ0
(solute,i) +RT lnx(solute,i) (23)

where x(solute,i) corresponds to the fraction of solute in
equilibrium with one of the phases, and µ0

(solute,i) is the
standard potential of solute A in one of the phases. Using
Equations (22) and (23), a relationship can be established
to calculate the solute distribution between the two phases:

µ0
(solute,α) +RT lnx(solute,α) =

µ0
(solute,β) +RT lnx(solute,β)

(24)

where the concentration ratio is given by:(
x(solute,α)

x(solute,β)

)
= Kdistribution =

EXP

(
µ0
(solute,β)−µ0

(solute,α)

RT

) (25)

Assuming thatµ0
(solute,i) = ∆G0

(solv,i)+∆G0
vap(A),

where∆G0
vap(A) is the vaporization free energy of the so-

lute, we can calculate the solvation ofA in a given solvent.
In this case, the standard chemical potential of soluteA in
a phase µ0

(solute,i) is equivalent to the dissolution free en-
ergy ∆G0

sol. Therefore, the distribution constant of the
solute in both phases can be written as follows:
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Ko/w =

EXP

∆Go
vap(A)+∆G0

(solv,β)−
(
∆G0

vap(A)+∆G0
(solv,α)

)
RT

 (26)

Here, ∆G0
(solv,β) and ∆G0

(solv,α) correspond to the
solvation free energies of the solute in the two immiscible
liquids. Simplifying Equation (26) yields an expression,
based on quantum mechanical solvation methods, for cal-
culating the distribution constant K o

w
of a solute A be-

tween two immiscible liquids:

Ko/w = EXP

(
∆G0

(solv,β) −∆G0
(solv,α)

RT

)
(27)

Generally, it is possible to calculate the free energies
of phase changes and the solvation free energy. However,
determining the free energy associated with the transfer of
a solute from one liquid phase to another remains a limi-
tation of quantum mechanical methods used to estimate
the chemical potential of a system. Therefore, Equation
(26) is particularly suitable for estimating the free energy
associated with this phase transfer.

3. Methodology

3.1. Quantum Mechanical Calculations

All three-dimensional molecular structures were con-
structed using the wxMacMolPlt v7.4.5 software [41].
The molecular structures were then optimized in vacuum
using density functional theory (DFT), with the PBE-
VWN functional and the 6-31G(2p,2d) basis set [42–44].

Using the coordinates obtained from the optimiza-
tion, solvation calculations in water and 1-octanol were
performed using the C-PCM//PBE-VWN/6-31G(2p,2d)
method to determine the electrostatic contribution to the
solvation free energy. These calculations were based
on the theory of Ben-Naim [45], which assumes that
a molecule does not change its structural conformation
when transferred from vacuum to the solvent medium.
Figure 1 shows the solvation process of ethanol in a contin-
uum dielectric medium according to the Ben-Naim princi-
ple.

Figure 1: Solvation process of ethanol in a continuum dielectric medium.
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To construct the cavities of the solute molecules,
the GEPOL-GB method proposed by Pascual-Ahuir and
Tomasi [46,47] was used, together with van der Waals
radii for the C, N, H, and O atoms; the radii used are
shown in Table 1. For the solvation studies in water and
1-octanol, the dielectric constant, molecular volume, and
surface tension were used as input parameters [48,49].
The repulsion and dispersion free energies were calcu-
lated using the Amovilli-Mennucci method, which re-
quired defining several solvent parameters, including the
ionization potential, the square of the refractive index, the
density, and the number of valence-shell electrons of the
solvent. The ionization potentials of water and 1-octanol
were calculated using an SCF//UHF/PBE-VWN optimiza-
tion procedure with a 6-31G(2p,2d) basis set. All cal-
culations were performed using the GAMESS-US soft-
ware [50]. The parameters used are shown in Table 2.

Table 1: vdW radii used in the GEPOL-GB method.

Atom vdW Radii
Å

C 1.70
N 1.60
O 1.50
H 1.20

Table 2: Parameter values used in the Amovilli–Mennucci and
C-PCM methods.

Parameter Input 1-Octanol Water

Dielectric constant (ε) 9.86 78.39
Molecular volume (cm3/mol) 158.23 18.07
Surface tension (mN/m) 27.10 71.81

Ionization potential (Hartree) 0.332 0.396
Square of the refractive index 2.04 1.75

3.2. Training Set Selection and Model
Validation

The training set of 42 organic molecules used to parame-
terize the cavitation free energy model (see Table 3) and
the set of 50 molecules used for the QSPR models (Mod-
els A and B) were selected based on three primary crite-
ria: (i) availability of high-quality experimental solvation
free energies and logP values in the literature; (ii) struc-
tural and functional diversity, including alcohols, ketones,
aldehydes, carboxylic acids, esters, ethers, amines, alka-
nes (linear and cyclic), and aromatic compounds; and (iii)
variation in molecular size and alkyl chain length, to sys-
tematically capture hydrophobic contributions. Selecting
a diverse training set is essential for developing QSPR
models with broad applicability and reliable predictions
for unseen compounds.

Table 3: Electrostatic, repulsion, and dispersion free energies calculated using the C-PCM and Amovilli–Mennucci methods.

1-Octanol Water

∆Gelec
kJ mol−1

∆Gdisp
kJ mol−1

∆Grep
kJ mol−1

∆Gexp
(solv.)

kJ mol−1

∆Gelec
kJ mol−1

∆Gdisp
kJ mol−1

∆Grep
kJ mol−1

∆Gexp
(Solv.)

kJ mol−1

acetone −16.32 −42.01 9.33 −13.18 −18.62 −37.99 11.63 −16.11
2-butanone −15.02 −50.46 11.63 −15.82 −17.16 −45.61 14.52 −15.23
2-pentanone −15.02 −59.46 14.14 −18.20 −17.16 −53.77 17.66 −14.77
3-pentanone −13.93 −59.08 14.06 −18.24 −15.94 −53.43 17.57 −14.27
2-hexanone −15.23 −68.29 16.53 −21.00 −17.41 −61.76 20.63 −13.77
1-propanal −14.06 −42.26 9.41 −17.28 −16.03 −38.20 11.76 −14.39
1-butanal −14.02 −51.17 11.97 −19.33 −15.94 −46.28 14.94 −13.31
acetic acid −18.45 −38.49 6.61 −26.57 −20.71 −34.81 8.24 −28.03

propanoic acid −17.74 −47.28 9.04 −28.70 −19.92 −42.76 11.26 −27.07
butanoic acid −17.36 −56.11 11.38 −31.72 −19.50 −50.75 14.18 −26.61
pentanoic acid −17.20 −64.98 13.98 −34.39 −19.29 −58.75 17.45 −25.77
hexanoic acid −17.32 −73.73 16.19 −36.90 −19.41 −66.70 20.21 −25.98
benzene −5.10 −51.42 11.59 −15.57 −5.73 −50.96 14.44 −3.64
toluene −4.98 −59.96 13.93 −19.04 −5.56 −54.23 17.36 −3.72

ethylbenzene −5.31 −67.91 16.40 −21.26 −5.94 −61.42 20.46 −3.35
methanol −12.80 −26.57 5.61 −15.82 −14.35 −24.02 6.99 −21.38
ethanol −12.39 −36.15 8.28 −18.24 −13.93 −32.68 10.33 −20.96

1-propanol −11.97 −45.23 10.75 −21.00 −13.43 −40.88 13.43 −20.21
1-butanol −12.26 −54.10 13.22 −23.89 −12.30 −53.60 16.53 −19.75
1-pentanol −12.64 −63.01 15.57 −26.78 −14.18 −56.95 19.46 −18.70
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Table 3: Cont.

1-Octanol Water

∆Gelec
kJ mol−1

∆Gdisp
kJ mol−1

∆Grep
kJ mol−1

∆Gexp
(solv.)

kJ mol−1

∆Gelec
kJ mol−1

∆Gdisp
kJ mol−1

∆Grep
kJ mol−1

∆Gexp
(Solv.)

kJ mol−1

1-hexanol −12.68 −72.05 18.12 −29.54 −14.23 −65.15 22.59 −18.24
1-heptanol −12.85 −80.96 20.54 −32.43 −14.44 −73.22 25.69 −17.74
2-propanol −11.92 −44.44 10.88 −19.33 −13.43 −40.17 13.56 −19.92

1,2-ethanediol −22.13 −42.26 7.99 −31.13 −24.85 −38.20 9.96 −38.91
dimethyl ether −7.28 −35.65 8.66 −8.62 −8.20 −32.22 10.84 −8.03
diethyl ether −6.28 −54.52 14.14 −12.09 −7.11 −49.33 17.66 −7.36

propyl methyl ether −6.86 −54.06 13.93 −15.19 −7.74 −48.91 17.41 −6.95
methyl acetate −14.94 −46.95 9.41 −14.81 −16.82 −42.47 11.72 −13.89
ethyl acetate −15.06 −56.36 11.92 −16.99 −16.95 −50.96 14.90 −12.97

methyl propionate −13.98 −55.61 11.80 −16.99 −15.73 −50.29 14.73 −12.26
methyl butanoate −13.85 −64.86 14.31 −19.21 −15.61 −58.62 17.91 −11.84
cyclopentane −0.54 −51.30 13.60 −11.09 −0.59 −46.40 16.95 5.02
cyclohexane −0.46 −58.54 15.52 −14.48 −0.54 −52.93 19.37 5.15

methylcyclohexane −0.46 −67.11 18.28 −16.23 −0.50 −60.67 22.80 7.15
n-pentane −0.67 −57.41 16.11 −10.25 −0.75 −51.93 20.13 9.75
n-hexane −0.75 −66.11 18.28 −12.59 −0.84 −59.79 22.80 10.42
n-heptane −0.84 −75.02 20.63 −15.65 −0.92 −67.83 25.73 10.96
n-octane −0.79 −84.14 23.47 −17.49 −0.88 −76.11 29.29 12.09

n-propylamine −10.46 −46.65 11.97 −19.96 −11.76 −42.18 14.94 −17.53
n-butylamine −10.50 −55.52 14.48 −22.30 −11.80 −50.21 18.08 −17.95
diethylamine −6.40 −55.90 14.98 −19.87 −7.20 −50.55 18.70 −17.03
dipropylamine −6.44 −73.68 19.83 −25.19 −7.24 −66.65 24.77 −15.31

As an exception, 1,2-ethanediol was included in the
training set for the cavitation free energy model. In the
logP models, by contrast, alcohol molecules such as 1,2-
ethanediol, 1,3-propanediol, and 1,4-butanediol were in-
cluded in the training set to extend the model's applicabil-
ity, and glycerol was used to validate this extension.

To prevent overfitting and evaluate the predictive
power of the models, two complementary validation
strategies were employed. First, leave-one-out cross-
validation was performed on the 42 molecules used to pa-
rameterize the cavitation free energy model, yielding co-
efficients of determination of R2 = 0.985 for water and R2

= 0.982 for 1-octanol, confirming that the models are not
overfitted to the training data. Second, external validation
was conducted using an independent set of ten molecules
(discussed in Section 4.3) not included in the training set,
comprising 2-pentanol, n-hexanal, hexylamine, dibutyl
ether, propyl acetate, n-butylbenzene, dioxane, anisole,
glycerol, and 3-pentanone. The excellent agreement be-
tween predicted and experimental logP values for these
molecules (discussed in Section 4) provides strong evi-
dence that the models possess genuine predictive capa-
bility and are not the result of overfitting. Additionally,
all coefficients in the models (see Sections 4.1 and 4.2)
were evaluated for chemical consistency. Positive coef-
ficients were associated with hydrophobic contributions

(carbon surfaces and alkyl groups), whereas negative co-
efficients were associated with polar contributions (oxy-
gen surfaces and hydrogen-bonding groups), confirming
that the models capture meaningful structure-property re-
lationships rather than spurious correlations.

4. Results and Discussion

4.1. Linear Regression Model to
Estimate the Cavitation Free Energy

In general, the solvation free energy is calculated using
quantummechanical methods bymeans of Equation (1). In
this model, the cavitation free energy is not determined ac-
curately by various theoretical models, such as the Claverie-
Pierotti method [34–36]. This work therefore develops a
model based on a structure–property relationship using the
experimental solvation free energies of 42 liquid organic
compounds, to allow for more accurate calculation of the
cavitation free energy. Table 3 shows the electrostatic, dis-
persive, and repulsive free energies calculated using the C-
PCM and Amovilli-Mennucci methods for this group of 42
organic molecules. Using the Amovilli-Mennucci approx-
imation, the free energy for cavity construction, ∆Gcav ,
was calculated using Equation (28):
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∆Gcav = ∆Gsolv(exp) −∆Gelec −∆Grep −∆Gdisp (28)

The term ∆Gsolv(exp) corresponds to the experi-
mental solvation free energies reported for these organic
molecules in 1-octanol and water. Equation (28) was used
by Amovilli and Mennucci to calculate the cavitation free
energy: they plotted the free energy associated with cavity
construction as a function of the cavity areas (Acavity) of
the molecules, obtaining a linear relationship of the form:

∆Gcav = β ×Acavity + α (29)

In Equation (29), the terms α and β are parameters
obtained by linear regression. This model has been pro-
posed in other solvation studies [51,52]. Here, we propose
an equation to calculate the free energy for cavity construc-
tion based on molecular descriptors calculated with the C-
PCM and GEPOL-GBmethods included in the GAMESS-
US package. The linear regression model is shown in
Equation (30):

∆Gcav(estimate) =
∑n

i=1
σiAi +

∑m

j=1
kjX+b (30)

where n = 4 and m = 9. The term i corresponds to
the different atoms in the solute molecule (i = C, H, N,
and O). The factor σi is associated with each atom, and kj
is a factor related to each functional group present in the
molecule. This equation, obtained by linear regression, in-
cludes the surface areas of the atoms in the solutemolecule
and a factor associated with the functional groups present
in the molecule. The term X is equal to one if the func-
tional group is present and zero otherwise.

The parameter b is a constant term obtained by linear
regression, andAi is the surface area of atom i obtained us-
ing the GEPOL-GBmethod [46]. Models similar to Equa-
tions (29) and (30), based on statistical mechanics, have
been reported by Marenich, Cramer, Truhlar, and Koll-
man [53–55].

The parameter values obtained by linear regression
to estimate the free energy required for cavity construction
are given in Table 4. This model was parameterized using
the root mean square error (RMSE), defined by:

RMSE =

√∑n
i=1

∣∣∆Gcav −∆Gcav(estimate)

∣∣2
n

(31)

Table 4: σi and kj coefficients obtained by multilinear regression for the estimation of the cavitation free energy in 1-octanol and
water.

kj
1-Octanol kJ

mol−1
Water

kJ mol−1 σi
1-Octanol

kJ mol−1 Å−2
Water

kJ mol−1 Å−2

k1 = karomatics −10.45 −33.88 σcarbon 0.44 1.08
k2 = kdiol 0.20 7.83 σoxygen 0.12 −0.40
k3 = kethers 2.43 −1.40 σhydrogen 0.07 −0.03
k4 = kketones 8.04 1.22 σnitrogen 0.17 2.36

k5 = kcycloalkane −2.64 −1.70
k6 = kesters 9.67 8.75

k7 = kaldehydes 3.12 2.29
k8 = kamines −2.56 −32.33
k9 = kacids ------- 6.96

b 9.02 3.84

RMSE 0.67 1.25

The parameterization was performed for water and
1-octanol, with coefficients of determination of R2 =

0.990 and R2 = 0.986, respectively. In the case of 1-
octanol, the coefficient kj was not determined for the acid
functional group.

As presented in Table 5, the solvation free energies
in water and 1-octanol were obtained using the free energy
of cavity formation, as estimated by Equation (30). The re-
sults are in good agreement for the 42 molecules included
in the parameterization process.

As illustrated in Figures 2 and 3, the estimated sol-
vation free energy values are plotted against the experi-
mental solvation free energy in water and 1-octanol. For
the multivariate model, the linear regression curve demon-
strates a strong correlation for the solvation free energies
in both water and 1-octanol. The errors are generally
larger for 1-octanol solvation energies than for water sol-
vation energies, as evident from the RMSE values in Ta-
ble 4: RMSE = 1.25 kJ mol⁻¹ for water and RMSE = 0.67
kJ mol⁻¹ for 1-octanol. Although the RMSE is smaller for
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1-octanol, the relative errors (see values in Table 5) show
that the deviations for 1-octanol are more systematic and
depend on the functional group. This indicates that the
use of macroscopic solvent parameters for 1-octanol in-
troduces systematic errors, because this solvent exhibits
a complex molecular structure that is not adequately rep-
resented by a uniform dielectric continuum. 1-Octanol

forms dynamic aggregates through hydrogen bonding and
hydrophobic interactions, creating a heterogeneous envi-
ronment that affects solute partitioning in ways that sim-
ple continuum models cannot capture. This is particularly
evident for molecules with polar functional groups (e.g.,
alcohols, ketones), where specific interactions with the 1-
octanol hydroxyl group are important.

Table 5: Estimated free energies of solvation in water and 1-octanol for the 42 molecules studied.

1-Octanol Water

∆Gexp ∆G(Estimate) Relative ∆Gexp ∆G(Estimate) Relative
kJ mol−1 kJ mol−1 Error kJ mol−1 kJ mol−1 Error

acetone −13.18 −14.62 0.11 −16.11 −17.14 0.07
2-butanone −15.82 −15.42 0.03 −15.23 −15.16 0.00
2-pentanone −18.20 −18.26 0.00 −14.77 −14.67 0.01
3-pentanone −18.24 −16.90 0.07 −14.27 −12.86 0.10
2-hexanone −21.00 −21.24 0.01 −13.77 −14.32 0.03
1-propanal −17.28 −16.98 0.02 −14.39 −14.25 0.01
1-butanal −19.33 −19.63 0.02 −13.31 −13.45 0.01
acetic acid −26.57 −27.04 0.02 −28.03 −28.68 0.03

propanoic acid −28.70 −28.12 0.02 −27.07 −27.65 0.02
butanoic acid −31.72 −31.58 0.00 −26.61 −26.38 0.01
pentanoic acid −34.39 −34.11 0.01 −25.77 −25.51 0.01
hexanoic acid −36.90 −37.10 0.01 −25.98 −25.26 0.03
benzene −15.57 −16.22 0.04 −3.64 −7.35 1.03
toluene −19.04 −18.73 0.02 −3.72 −2.19 0.41

ethylbenzene −21.26 −20.91 0.01 −3.35 −1.16 0.67
methanol −15.82 −15.70 0.02 −21.38 −20.55 0.02
ethanol −18.24 −18.41 0.00 −20.96 −19.48 0.05

1-propanol −21.00 −21.01 0.01 −20.21 −18.52 0.07
1-butanol −23.89 −24.14 0.01 −19.75 −21.69 0.11
1-pentanol −26.78 −26.40 0.02 −18.70 −18.79 0.01
1-hexanol −29.54 −30.21 0.02 −18.24 −17.90 0.01
1-heptanol −32.43 −33.21 0.02 −17.74 −17.54 0.01
2-propanol −19.33 −19.96 0.03 −19.92 −17.95 0.10

1,2-ethanediol −31.13 −31.13 0.00 −38.91 −38.90 0.01
dimethyl ether −8.62 −13.40 0.01 −8.03 −6.05 0.14
diethyl ether −12.09 −13.93 0.11 −7.36 −7.23 0.18

propyl methyl ether −15.19 −14.27 0.08 −6.95 −14.93 0.04
methyl acetate −14.81 −17.52 0.04 −13.89 −14.27 0.08
ethyl acetate −16.99 −16.04 0.03 −12.97 −13.13 0.10

methyl propionate −16.99 −20.16 0.06 −12.26 −8.64 0.07
methyl butanoate −19.21 −11.01 0.05 −11.84 −7.14 0.28
cyclopentane −11.09 −14.15 0.01 5.02 4.86 0.41
cyclohexane −14.48 −16.64 0.02 5.15 5.32 0.06

methylcyclohexane −16.23 −9.46 0.03 7.15 9.62 0.25
n-pentane −10.25 −12.48 0.08 9.75 9.76 0.02
n-hexane −12.59 −15.40 0.01 10.42 10.32 0.07
n-heptane −15.65 −18.06 0.01 10.96 11.00 0.06
n-octane −17.49 −21.31 0.04 12.09 11.04 0.49

n-propylamine −19.96 −21.85 0.08 −17.53 −17.41 0.03
n-butylamine −22.30 −18.52 0.02 −17.95 −17.03 0.03
diethylamine −19.87 −14.62 0.05 −17.03 −17.14 0.02
dipropylamine −25.19 −15.42 0.02 −15.31 −15.16 0.02
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Figure 2: Solvation free energy estimated in 1-octanol versus the
experimental solvation free energy.

Figure 3: Solvation free energy estimated in water versus the ex-
perimental solvation free energy.

The lowest correlation was obtained for the solva-
tion free energy in water. This is due to the 6-31G(2p,2d)
basis set used to estimate the electrostatic contribution
and the minimal basis set used in the Amovilli-Mennucci
method to determine the dispersion and repulsion free en-
ergies. In other studies, these solvation free energies have
been estimated using additional molecular descriptors,
such as hydrogen-bond acceptor and donor indices, which
has improved the estimation of these properties [56,57].

4.2. Prediction of the Partition
Coefficient Ko/w

Using the estimated solvation free energies and Equation
(27), the partition coefficient was determined. Table 6

shows the estimated partition coefficient values, which
vary considerably from the reported experimental values.

The coefficient of determination obtained wasR2 =

0.974, using the solvation free energy values calculated
in this work (see correlation in Figure 4). These results
show a better correlation than those reported by Amovilli-
Mennucci using their model to estimate the cavitation free
energy.

Figure 4: Partition coefficients estimated using the solvation free
energy in 1-octanol and water.

At the same time, Table 6 presents the partition coef-
ficients with their respective relative errors, showing that
the greatest estimation error occurred for 2-propanol and
molecules containing the carbonyl functional group. Ad-
ditionally, the amines exhibit high relative errors in the es-
timated partition coefficients. Nevertheless, the results ob-
tained for the partition coefficient using solvation free en-
ergies estimated with the cavitation free energy model are
better than the values obtained by Amovilli-Mennucci. It
is also important to note that the distribution of a solute be-
tween two immiscible solvents is fundamentally a transfer
process; therefore, using solvation free energies is not en-
tirely suitable for estimating partition coefficients, a lim-
itation that should be addressed using a model that deter-
mines the transfer free energy directly. The 6-31G(2p,2d)
basis set used to calculate the electrostatic contribution to
the solvation free energy remains appropriate; however, a
systematic source of error is the minimal basis set used by
the Amovilli-Mennucci method to calculate the dispersion
and repulsion free energies.
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Table 6: Estimated partition coefficients using the solvation free energies in water and 1-octanol.

logP logP Relative logP logP Relative
Estimate Exp. Error Estimate Exp. Error

acetone −0.44 −0.24 0.84 1-heptanol 2.75 2.62 0.05
2-butanone 0.05 0.29 0.84 2-propanol 0.36 0.05 6.14
2-pentanone 0.63 0.91 0.31 1,2-ethanediol −1.36 −1.36 0.00
3-pentanone 0.71 0.99 0.28 dimethyl ether −0.09 0.10 1.86
2-hexanone 1.21 1.38 0.12 diethyl ether 1.29 0.89 0.45
1-propanal 0.48 0.59 0.19 propyl methyl ether 1.17 1.21 0.03
1-butanal 1.08 0.88 0.23 methyl acetate −0.11 0.18 1.64
acetic acid −0.29 −0.17 0.68 ethyl acetate 0.57 0.73 0.22

propanoic acid 0.08 0.33 0.75 methyl propionate 0.51 0.82 0.38
butanoic acid 0.91 0.79 0.15 methyl butanoate 2.02 1.29 0.56
pentanoic acid 1.51 1.39 0.08 cyclopentane 3.18 3.00 0.06
hexanoic acid 2.08 1.92 0.08 cyclohexane 3.33 3.44 0.03
benzene 1.55 2.13 0.27 methylcyclohexane 3.85 3.61 0.07
toluene 2.90 2.73 0.06 n-pentane 3.34 3.39 0.01

ethylbenzene 3.46 3.15 0.10 n-hexane 3.90 3.90 0.00
methanol −0.85 −0.77 0.10 n-heptane 4.51 4.66 0.03
ethanol −0.19 −0.31 0.40 n-octane 5.09 5.18 0.02

1-propanol 0.44 0.25 0.74 n-propylamine 0.57 0.48 0.18
1-butanol 0.43 0.88 0.51 n-butylamine 0.78 0.97 0.20
1-pentanol 1.33 1.51 0.12 diethylamine 0.26 0.58 0.55
1-hexanol 2.16 2.03 0.06 dipropylamine 1.57 1.67 0.06

As shown in Table 6, molecules with significant van
derWaals contributions to their solvation in 1-octanol, such
as 2-propanol and dimethyl ether, exhibit the largest devia-
tions. In these cases, the minimal STO-3G basis set is too
limited to describe the anisotropic electron density distri-
butions necessary for accurate dispersion interactions. This
limitation is particularly pronounced for molecules contain-
ing secondary alcohol groups, in which the steric environ-
ment surrounding the hydroxyl groupmodulates dispersion
interactions with the solvent in a manner that requires a
more flexible basis set. In future work, basis sets of at
least triple-zeta quality with polarization functions, such as
6-311+G(d,p), will be employed to improve the accuracy
of these non-electrostatic contributions. It is important to
note that the deviations observed in Table 6 are not random
but reflect a fundamental limitation of the approach based
on the difference in solvation energies (see Equation (27)).
This method assumes that the transfer free energy between
phases is exactly equal to the difference in solvation ener-
gies, a simplification that ignores activity effects, confor-
mational changes, and molecular association in the organic
phase. Additionally, although the GEPOL-GB method for
cavity construction is computationally efficient, it relies on
fixed van der Waals radii and a single molecular confor-
mation optimized in vacuum. Consequently, this approach
does not account for conformational flexibility, which is
particularly problematic for molecules capable of adopting
multiple low-energy conformations with different solvent-

accessible surface areas. For example, 2-propanol can ro-
tate around its C–O bond, altering the exposure of its hy-
droxyl group to the solvent. 1,2-Ethanediol, by contrast,
shows an excellent prediction because its conformation is
relatively constrained by intramolecular hydrogen bonding,
whereas flexible molecules like 2-propanol and methyl bu-
tanoate can adopt multiple conformations, and using a sin-
gle optimized structure fails to capture the conformational
ensemble that contributes to solvation.

In this paper, we also propose two quantitative
structure–property relationship (QSPR) models for esti-
mating the partition coefficient using properties obtained
with the C-PCM method. These QSPR models incorpo-
rate the electrostatic free energy calculated in 1-octanol
and water, the atomic surfaces of the atoms composing
themolecules (determined using theGEPOL-GBmethod),
and factors associated with the functional groups present
in the molecule. In this case, 50 molecules were used
for parameterization. The first QSPR model, defined as
Model A, is shown in Equation (32):

Ko/w = logP = a×(
∆Gelec(water) −∆Gelec(1−octanol)

)
+
∑n

i=1 σiAi +
∑m

j=1 kjX + b
(32)

where n = 4 and m = 9. The term i corresponds to
the different atom types in the solute molecule (i = C,
H, N and O). The factor σi is the atomic tensor associated
with each atom and kj is a factor related to each functional
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group present in the molecule. The terms ∆Gelec(water)

and∆Gelec(1−octanol) correspond to the electrostatic free
energies of solvation and the term X is equivalent to one
if the functional group is present and zero otherwise.

Model A achieves a correlation coefficient of R2 =
0.991, making it simpler than the model of Equation (30),
which requires greater computational cost for estimating
the free energy of dispersion and repulsion. This model is
also more accessible and better suited to large molecules.

All parameters of Equation (32) were obtained using
the root mean square error (RMSE), defined by Equation
(33):

RMSE =

√∑n
i=1

∣∣logP(exp) − logP(estimate)

∣∣2
n

(33)

Table 7 contains the values obtained by multivari-
ate regression of the coefficients associated with Model
A. Unlike the model that uses the cavitation free energy,
Model A directly yields the distribution coefficient. The
RMSE was 0.16, and the statistical analysis shows that
the most influential factors are the presence of aromatic
and amine functional groups. Model A is parameter-
ized directly using experimental logP values, which in-
corporates the transfer free energy between phases and
avoids the systematic errors inherent in the solvation en-
ergy difference approach. The chemical significance of
the functional group coefficients in Model A reflects the
distinct solvation environments in water versus 1-octanol:
negative coefficients for aromatic groups (−3.168) and
amines (−3.789) indicate their strong preference for the
organic phase due to π-π stacking and hydrophobic ef-
fects, while the positive coefficient for acids (0.189) re-
flects their greater affinity for water through hydrogen
bonding. The ketone coefficient (−1.457) reflects the bal-
ance between carbonyl hydrogen bonding with water and
dispersion interactions with the alkyl chain of 1-octanol,

whereas the ether (−1.208) and ester (−0.783) coeffi-
cients reflect their intermediate polarity and their ability
to act as hydrogen bond acceptors in both phases. The
atomic surface coefficients enhance the performance of
Model A by accounting for molecular size and shape ef-
fects, with the positive carbon surface coefficient (0.086)
capturing hydrophobic contributions and the negative oxy-
gen surface coefficient (−0.063) reflecting polar solvation
effects. This combination of direct transfer free energy
modeling, empirically calibrated functional group contri-
butions, and atomic surface descriptors allowsModel A to
achieve superior correlation (R2 = 0.991, RMSE = 0.16)
while maintaining computational simplicity and chemical
interpretability. Table 8 shows the estimated partition co-
efficient values and their absolute relative errors using
Model A, where dimethyl ether and 2-propanol show the
greatest relative error. Figure 5 shows the estimated parti-
tion coefficient values for Model A relative to the experi-
mental partition coefficient.

Figure 5: Partition coefficients estimated using the model A.

Table 7: σi and kj coefficients obtained by multilinear regression for the estimation of the partition coefficients using the model A.

σi
.

A
−2

kj

σcarbon 0.0864 kketones −1.4573
σoxygen −0.0631 kaldehydes −0.9049
σnitrogen 0.1891 kacids 0.1894
σhydrogen −0.0028 karomatics −3.1680

kcycloalkanes −0.0152

Coefficient mol/kJ kethers −1.2084

a 0.3286 kesters −0.7834

Coefficient kamines −3.7888

b −0.0797 kalcohols −0.9449
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Table 8: Estimated partition coefficients using the model A.

logP logP Relative logP logP Relative
Exp. Estimate Error Exp. Estimate Error

acetone −0.24 −0.24 0.01 2-propanol 0.05 0.25 4.09
2-butanone 0.29 0.35 0.19 2-butanol 0.61 0.81 0.33
2-pentanone 0.91 0.88 0.04 1,2-ethanediol −1.36 −1.39 0.02
3-pentanone 0.99 0.93 0.06 1,3-propanediol −1.04 −1.01 0.03
2-hexanone 1.38 1.41 0.02 1,4-butanediol −0.83 −0.48 0.42
ethanal −0.34 −0.21 0.39 dimethyl ether 0.10 −0.15 2.47

n-propanal 0.59 0.34 0.43 diethyl ether 0.89 1.02 0.15
n-butanal 0.88 0.88 0.00 ether dipropyl 2.03 2.24 0.10
n-pentanal 1.31 1.43 0.09 methyl propyl ether 1.21 1.11 0.08
acetic acid −0.17 −0.23 0.37 methyl acetate 0.18 0.09 0.51

propanoic acid 0.33 0.35 0.06 ethyl acetate 0.73 0.67 0.08
butanoic acid 0.79 0.85 0.08 methyl propanoate 0.82 0.55 0.33
pentanoic acid 1.39 1.38 0.01 methyl butanoate 1.29 1.71 0.33
hexanoic acid 1.92 1.91 0.00 cyclopentane 3.00 2.99 0.00
benzene 2.13 2.14 0.00 cyclohexane 3.44 3.23 0.06
toluene 2.73 2.66 0.03 methylcyclohexane 3.61 3.83 0.06

ethylbenzene 3.15 3.19 0.01 n-pentane 3.39 3.48 0.03
propylbenzene 3.69 3.72 0.01 n-hexane 3.90 4.01 0.03
methanol −0.77 −0.87 0.13 n-heptane 4.66 4.56 0.02
ethanol −0.31 −0.30 0.02 n-octane 5.18 5.08 0.02

1-propanol 0.25 0.25 0.01 n-propylamine 0.48 0.47 0.01
1-butanol 0.88 0.87 0.01 n-butylamine 0.97 1.01 0.04
1-pentanol 1.51 1.33 0.12 n-pentylamine 1.49 1.45 0.02
1-hexanol 2.03 1.82 0.10 diethylamine 0.58 0.57 0.01
1-heptanol 2.62 2.35 0.10 dipropylamine 1.67 1.68 0.00

Finally, we present a second model to determine the
partition coefficient of the 50 organic molecules, defined
as Model B. Model B uses properties such as the non-
bonding free energy, given by Equation (34):

∆Gnon−bond = ∆Gelec +∆Gdisp +∆Grep (34)

This multivariate regression model includes the
atomic surfacesAi of the atoms composing the molecules
and the coefficients associated with their functional
groups. Model B is shown in Equation (35):

logP = a×∆Gnon−bond(1−octanol)+

b×∆Gnon−bond(water)+∑n
i=1 σiAi +

∑n
j=1 kjX + c

(35)

Similarly, the coefficients in Equation (35) were ob-
tained using the experimental partition coefficient values
in the multivariate regression. Figure 6 shows the esti-
mated values for Model B versus the experimental par-
tition coefficient values. Model B achieves a correla-
tion coefficient of 0.986 and a Root Mean Square Error
(RMSE) of 0.17 relative to the experimental data. Ta-
ble 9 shows the parameter values obtained for Model B.

In this model, no coefficients are associated with the alde-
hyde, alcohol, ester, and cycloalkane functional groups,
which makes it a simpler model, although determining
coefficients for these functional groups would have im-
proved the multivariate correlation. However, Model B
has a higher computational cost because it involves the
calculation of dispersive and repulsive free energies. The
systematic deviations observed for alcohols (2-propanol,
relative error 6.14), amines (diethylamine, relative error
0.55), and carbonyl-containing compounds (acetone, rel-
ative error 0.84; methyl acetate, relative error 1.64) in-
dicate that hydrogen bonding and specific intermolecular
interactions are not fully captured by the current models,
reflecting the inherent limitations of continuum solvation
methods that represent solvents as uniform dielectric me-
dia. Including additional descriptors, such as hydrogen-
bond donor/acceptor ability, molecular dipole moment, or
polar surface area, would likely improve predictive capa-
bility by explicitly encoding information about the solute's
capacity for specific interactions. While the atomic sur-
face coefficients in these models partially capture polar
solvation effects, they do not distinguish between hydro-
gen bond donors and acceptors, nor do they account for
interaction strength or directionality.
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Table 9: σi and kj coefficients obtained by multilinear regression for estimating the partition coefficients using the model B.

σi
.

A
−2

kj

σcarbon 0.1067 kketones −0.6333
σoxygen −0.0347 kaldehyds --------
σnitrogen 0.2978 kacids 1.0984
σhydrogen 0.0130 karomatics −2.7048

coefficients mol
kJ

kcycloalkanes ---------
kethers −0.8672

a −0.0341 kesters ---------
b 0.2667 kamines −4.0184

coefficient kalcohols --------

c −0.2670

Figure 6: Partition coefficients estimated using model B.

Additionally, Table 10 presents the logP values pre-
dicted by Model B for 50 organic molecules; the largest
relative errors were observed for molecules containing es-
ter, hydroxyl, and aldehyde functional groups, as the cor-
responding parameters were not included in the analysis.
Furthermore, both QSPR models are limited to molecules
containing a single functional group within their struc-
tures.

The linear regression models assume additive contri-
butions from atomic surfaces and functional groups. How-
ever, the results indicate that this additivity assumption
breaks down for molecules with intermediate alkyl chain
lengths (e.g., 2-butanone), where the balance between hy-
drophilic and hydrophobic contributions is most sensi-
tive to the local molecular environment. This suggests
that non-linear effects, such as synergistic interactions be-
tween the carbonyl group and the alkyl chain, are not fully
captured by the current model. Future studies should ex-
plore non-linear regression techniques, such as random
forests or neural networks, using a larger and more di-

verse training set to better capture these complex structure-
property relationships. Furthermore, Ko/w describes the
equilibrium distribution of a solute between two immis-
cible liquid phases and is fundamentally a property of
the transfer process between solvents, not a property of
solvation from vacuum. While solvation free energies
(∆Gsolv) describe the transfer from vacuum to a single
solvent, the transfer free energy (∆Gtransfer) describes
the transfer between solvents and is directly related to
logP. Using solvation free energies to estimate logP (Equa-
tion (27)) introduces systematic errors because it assumes
that the difference in solvation free energies (both refer-
enced to vacuum) equals the transfer free energy between
phases. This assumption neglects the differences in activ-
ity coefficients between solvents, conformational changes
induced by different solvent environments, and specific
solute-solvent and solvent-solvent interactions that are not
captured by continuum models. These limitations ex-
plain why the solvation energy difference approach in Ta-
ble 6 shows larger deviations (R2 = 0.974) compared with
Model A (R2 = 0.991), which is parameterized directly
against the experimental logP values and effectively mod-
els the transfer free energy.

Additionally, the dispersive and repulsive free ener-
gies in Model B account for van der Waals interactions
and Pauli exclusion effects that are particularly signifi-
cant in 1-octanol, where the long alkyl chain provides ex-
tensive dispersion interactions with hydrophobic regions
of the solute, while repulsive terms capture excluded-
volume effects governing molecular packing and cavity
formation in both phases. However, these contributions
are calculated using a minimal basis set (STO-3G) in the
Amovilli-Mennucci method, which systematically under-
estimates dispersion interactions for molecules with dif-
fuse electron densities and fails to capture effects that are
crucial for accurate logP prediction, limiting their over-
all contribution to predictive accuracy. Including these
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terms in Model B yields only a marginal improvement in
correlation (R2 = 0.986) compared with Model A (R2 =
0.991), while introducing additional computational cost
and potential error propagation—demonstrating that the
dominant factors for logP prediction are electrostatic in-
teractions and molecular surface descriptors, rather than
explicit dispersion-repulsion calculations. The system-
atic errors in the dispersion-repulsion terms also explain
why the solvation energy difference approach (see val-
ues in Table 6) exhibits larger deviations for molecules

in which van der Waals interactions dominate solvation in
1-octanol, such as alkanes and ethers, whereas Model A
effectively circumvents this limitation through direct pa-
rameterization against experimental data. Consequently,
despite their theoretical importance, the practical contribu-
tion of dispersive and repulsive free energies to predictive
accuracy is limited by current methodological constraints,
making Model A the most computationally efficient and
accurate choice for routine logP prediction.

Table 10: Estimated partition coefficients using the model B.

logP logP Relative logP logP Relative
Exp. Estimate Error Exp. Estimate Error

acetone −0.24 −0.39 0.64 1,2-ethanediol −1.36 −1.34 0.01
2-butanone 0.29 0.36 0.23 1,3-propanediol −1.04 −1.50 0.44
2-pentanone 0.91 0.90 0.01 1,4-butanediol −0.83 −0.93 0.13
3-pentanone 0.99 1.02 0.03 2-propanol 0.05 0.48 8.64
2-hexanone 1.38 1.45 0.05 2-butanol 0.61 0.96 0.57
ethanal −0.34 −0.11 0.68 dimethyl ether 0.10 −0.12 2.21

n-propanal 0.59 0.46 0.22 diethyl ether 0.89 1.13 0.27
n-butanal 0.88 1.03 0.17 ether dipropyl 2.03 2.18 0.07
n-pentanal 1.31 1.61 0.23 methyl propyl ether 1.21 1.04 0.14
acetic acid −0.17 −0.34 0.98 methyl acetate 0.18 0.01 0.94

propanoic acid 0.33 0.44 0.34 ethyl acetate 0.73 0.59 0.19
butanoic acid 0.79 0.83 0.05 methyl propanoate 0.82 0.63 0.23
pentanoic acid 1.39 1.39 0.00 methyl butanoate 1.29 1.53 0.19
hexanoic acid 1.92 1.93 0.00 cyclopentane 3.00 2.90 0.03
benzene 2.13 1.88 0.12 cyclohexane 3.44 3.13 0.09
toluene 2.73 2.72 0.00 methylcyclohexane 3.61 3.64 0.01

ethylbenzene 3.15 3.29 0.04 n-pentane 3.39 3.35 0.01
propylbenzene 3.69 3.81 0.03 n-hexane 3.90 3.88 0.01
methanol −0.77 −0.74 0.04 n-heptane 4.66 4.44 0.05
ethanol −0.31 −0.14 0.54 n-octane 5.18 4.99 0.04

1-propanol 0.25 0.43 0.73 n-propylamine 0.48 0.42 0.13
1-butanol 0.88 0.74 0.16 n-butylamine 0.97 0.98 0.01
1-pentanol 1.51 1.66 0.10 n-pentylamine 1.49 1.54 0.03
1-hexanol 2.03 2.02 0.00 diethylamine 0.58 0.58 0.00
1-heptanol 2.62 2.56 0.02 dipropylamine 1.67 1.67 0.00

4.3. Validation of QSPR Models with
Additional Molecules

The results presented in Table 11 demonstrate the predic-
tive performance of Models A and B for ten additional or-
ganic molecules that were not included in the training set.
These molecules encompass a chemically diverse range
of functional groups, including secondary alcohols (2-
pentanol), aldehydes (n-hexanal), amines (hexylamine),
ethers (dibutyl ether, dioxane, and anisole), esters (propyl
acetate), aromatics (n-butylbenzene), and polyols (glyc-
erol). Both models show generally good agreement with
the experimental logP values, with Model A achieving a

correlation coefficient of R2 = 0.991 and Model B achiev-
ing R2 = 0.986, confirming the robustness and general ap-
plicability of the QSPR approach across different chemi-
cal families. For most compounds, the predicted logP val-
ues are within 0.2–0.3 log units of the experimental val-
ues, with n-butylbenzene showing nearly perfect predic-
tion by both models (Model A: 4.26, Model B: 4.38, Exp:
4.38) and glycerol showing the largest deviations (Model
A: −2.02, Model B: −2.59, Exp: −1.76), attributable
to the strong hydrogen bonding capabilities of the triol,
which are not fully captured by continuum solvation mod-
els.
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Table 11: Calculated electrostatic, dispersion, and repulsion free energies in 1-octanol and water, and predicted partition coefficients
(logP) using Models A and B for ten additional organic molecules, compared with experimental values.

1-Octanol Water

∆Gelec
(kJ mol−1)

∆Gdisp
(kJ mol−1)

∆Grep
(kJ mol−1)

∆Gelec
(kJ mol−1)

∆Gdisp
(kJ mol−1)

∆Grep
(kJ mol−1)

logP
(ModelA)

logP
(Model B)

logP
(Exp)

2-pentanol −11.05 −61.63 15.57 −12.43 −55.73 19.41 1.35 1.66 1.19
n-hexanal −13.68 −68.54 16.74 −15.61 −61.97 20.92 1.96 2.17 1.78
hexylamine −10.29 −73.43 19.37 −11.55 −66.40 24.18 4.98 2.08 2.06
dibutyl ether −6.99 −90.04 23.68 −7.91 −81.42 29.54 3.27 4.01 3.21
propyl acetate −14.90 −65.19 14.31 −16.82 −58.96 17.87 1.12 1.14 1.24
n-butylbenzene −5.44 −85.65 21.13 −6.07 −77.45 26.40 4.26 4.38 4.38

dioxane −13.10 −53.26 11.21 −14.69 −48.16 13.98 −0.14 −0.67 −0.27
anisole −10.04 −64.81 14.02 −11.30 −58.62 17.49 2.03 1.88 2.11
glycerol −27.11 −54.94 9.87 −30.34 −49.67 12.34 −2.02 −2.59 −1.76

3-pentanone −14.31 −76.70 18.87 −16.40 −69.37 23.56 1.96 2.06 2.03

The prediction for hexylamine by Model A (4.98
versus 2.06 experimental) reveals a significant overesti-
mation, suggesting that the amine functional group co-
efficient in Model A may require further refinement for
primary amines with longer alkyl chains, whereas Model
B provides a much more accurate prediction (2.08 versus
2.06), demonstrating the value of including dispersive and
repulsive contributions formoleculeswhere van derWaals
interactions dominate solvation in the organic phase. For
ethers and esters, both models performwell. Dibutyl ether
was predicted to have logP values of 3.27 (Model A) and
4.01 (Model B), compared with the experimental value of
3.21, whereas propyl acetate was predicted to have logP
values of 1.12 (Model A) and 1.14 (Model B), compared
with the experimental value of 1.24. These results indi-
cate that the atomic surface descriptors effectively capture
the hydrophobic contributions of alkyl chains. The predic-
tion for anisole (Model A: 2.03, Model B: 1.88, Exp: 2.11)
confirms that the aromatic coefficient (−3.168 in Model
A) appropriately accounts for the π-π interactions and hy-
drophobic character of the methoxybenzene structure. For
dioxane, both models correctly predict a negative logP
value (Model A:−0.14, Model B:−0.67, Exp: −0.27), re-
flecting the hydrophilic nature of the cyclic ether due to its
two oxygen atoms, although Model A provides better ac-
curacy owing to its direct parameterization against experi-
mental data. The 3-pentanone prediction (Model A: 1.96,
Model B: 2.06, Exp: 2.03) demonstrates that the ketone
functional group coefficient successfully captures the bal-
ance between carbonyl hydrogen bonding and hydropho-
bic alkyl chain effects for symmetrical ketones. These re-
sults collectively confirm thatModel A, despite its compu-
tational simplicity, provides predictions comparable to or
better than Model B for most compound classes, with the
exception of long-chain amines, where dispersion contri-
butions become important—highlighting the complemen-

tary nature of both approaches across different chemical
spaces.

4.4. Deviations and Limitations

The deviations observed in Table 6 between the estimated
and experimental logP values are systematic rather than
random and can be attributed to several factors. First, it
is important to note a fundamental limitation of the sol-
vation energy difference approach illustrated in Equation
(27): this approach assumes that the free energy of trans-
fer is exactly equal to the difference in solvation ener-
gies, an assumption that fails to account for activity ef-
fects, conformational changes, and molecular association
in the organic phase. This limitation is most severe for
molecules such as 2-propanol and dimethyl ether, which
can adopt different conformations or interact specifically
with the solvent. Second, the use of a minimal basis set
for the dispersion and repulsion terms is a significant con-
cern: the Amovilli-Mennucci method uses a minimal ba-
sis set (STO-3G) by default, which inadequately describes
the anisotropic electron density distributions necessary for
accurate dispersion interactions. This is particularly rele-
vant formolecules inwhich van derWaals interactions pre-
dominate over other forces during solvation in 1-octanol.
Third, the GEPOL-GB cavitymodel, which uses fixed van
der Waals radii and a single vacuum-optimized conforma-
tion, does not account for conformational flexibility or av-
eraging, presenting a significant challenge for molecules
that exhibit multiple low-energy conformations. Fourth,
the assumptions underlying linear regression models are
relevant: the additivity assumption becomes invalid for
molecules with intermediate alkyl chain lengths, owing to
the sensitivity of their hydrophilic and hydrophobic contri-
butions to the local molecular environment. Furthermore,
macroscopic solvent parameters for 1-octanol fail to cap-
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ture its microheterogeneous structure (monomers, dimers,
aggregates), leading to systematic errors for molecules
with polar functional groups.

Finally, it is important to emphasize that Model A
(Equation (32)) substantially mitigates these limitations
by being parameterized directly against experimental logP
values, achieving a considerably better correlation (R2 =
0.991, RMSE = 0.16) than the solvation energy differ-
ence approach (R2 = 0.974). By contrast, the Amovilli-
Mennucci method systematically underestimates disper-
sion interactions for molecules with diffuse electron den-
sities and fails to capture effects that are crucial for ac-
curate logP prediction, limiting its overall contribution to
predictive accuracy; including these terms in Model B
yields only a marginal improvement, with a correlation
coefficient of R2 = 0.986. Additionally, a limitation of
the current QSPR models is their use of binary indicators
for functional groups, whereby a value of 1 is assigned
if the functional group is present and 0 otherwise, regard-
less of the number of identical groups in the molecule. For
example, 1,2-ethanediol receives the same alcohol indica-
tor as methanol or ethanol, despite having two hydroxyl
groups that substantially increase its hydrogen bonding
capacity and hydrophilicity. This simplification is par-
ticularly problematic for polyols such as glycerol, which
contains three hydroxyl groups and shows larger devia-
tions (Model A: −2.02, Model B: −2.59, Exp: −1.76)
compared with monohydric alcohols, suggesting that the
models underestimate the hydrophilicity of polyfunctional
compounds. Using functional group counts (e.g., number
of OH groups, NH groups, or carbonyl groups) rather than
binary presence would allow the models to capture the ad-
ditive contributions of multiple identical groups to overall
partitioning behavior, improving predictions for polyfunc-
tional molecules. Furthermore, for compounds containing
multiple different functional groups simultaneously (e.g.,
amino alcohols, hydroxy acids, keto-esters), interaction
terms between functional groups could be incorporated to
account for non-additive effects, such as intramolecular
hydrogen bonding, which can significantly modify solva-
tion properties compared with the sum of individual group
contributions. The binary indicator approach was chosen
in this work for its simplicity and interpretability, as well
as the limited number of polyfunctional compounds in the
training set.

5. Conclusions

In this work, the partition coefficients of several organic
molecules were estimated using quantitative structure–
property relationship (QSPR) models. Constructing these
models required only the electrostatic free energy ob-

tained by the C-PCM//PBE-VWN/6-31G(2p,2d) method
and the dispersive and repulsive free energies calculated
by the Amovilli-Mennucci method. Of the three proposed
models containing parameters calculated with the C-PCM
method, Model A achieved the highest coefficient of deter-
mination (R2 = 0.991), with an RMSE of 0.16. This model
relates the electrostatic free energy and the terms associ-
ated with the functional groups present in the molecule to
the partition coefficient. Additionally, the QSPR models
obtained in this work to estimate the free energy for cavity
construction in water and 1-octanol were acceptable, with
correlation coefficients of R2 = 0.990 and R2 = 0.986 for
1-octanol and water, respectively.

While a direct comparison with alternative solva-
tion models such as SMD, COSMO-RS, or IEFPCM
would further validate the robustness of these conclu-
sions, the primary objective of this work is to demon-
strate that C-PCM-derived descriptors, when combined
with QSPR modeling, can achieve high predictive accu-
racy for logP (R2 = 0.991) as a revision and extension
of the original Amovilli-Mennucci methodology. The
C-PCM//PBE-VWN/6-31G(2p,2d) approachwas selected
because it provides a favorable balance between accu-
racy and computational cost. Moreover, its wide avail-
ability in the GAMESS-US package ensures accessibil-
ity for the broader research community. Although SMD
and COSMO-RS incorporate more refined parameteriza-
tion of non-electrostatic contributions, the excellent cor-
relation achieved by our model suggests that the electro-
static and surface descriptors derived from C-PCM cap-
ture the essential physics governing the partitioning pro-
cess. Future work will explore the application of SMD,
COSMO-RS, and IEFPCM to further improve the predic-
tive capability of these QSPR models and evaluate their
general applicability across different solvation methodolo-
gies. Finally, the predictive accuracy of the proposed
models would be substantially enhanced by expanding
the training dataset to include a wider range of chemi-
cal functionalities, particularly molecules with multiple
functional groups, heterocycles, and halogenated com-
pounds. Further external validation using larger indepen-
dent datasets not included in the parameterization process
would strengthen the reliability and generalizability of the
models.

List of Abbreviations

C Carbon
COSMO Conductor-like Screening Model
COSMO-RS Conductor-like Screening Model for

Real Solvents
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C-PCM Conductor-like Polarizable
Continuum Model

DFT Density Functional Theory
GAMESS-US General Atomic and Molecular

Electronic Structure System
(US version)

GEPOL-GB GEneration of POLyhedral cavities–
Gauss-Bonnet method

H Hydrogen
IEFPCM Integral Equation Formalism

Polarizable Continuum Model
Ko/w Partition coefficient oil/water
logP Logarithm of the partition coefficient
N Nitrogen
O Oxygen
PBE Perdew–Burke–Ernzerhof

(exchange-correlation functional)
PBE-VWN Perdew–Burke–Ernzerhof/

Vosko–Wilk–Nusair functional
PCM Polarizable Continuum Model
QSPR Quantitative Structure–Property

Relationship
r Linear correlation coefficient
R2 Coefficient of determination
RHF Restricted Hartree-Fock
RMSE Root Mean Square Error
SCF Self-Consistent Field
SMD Solvation Model based on Density
STO-3G Slater-Type Orbital approximated by

3 Gaussians
UHF Unrestricted Hartree-Fock
vdW van der Waals
VWN Vosko–Wilk–Nusair

(correlation functional)
wxMacMolPlt Molecular visualization and input

preparation software
∆Gcav Cavitation free energy
∆Gdisp Dispersion free energy
∆Gelec Electrostatic free energy of solvation
∆Grep Repulsion free energy
∆Gsolv Solvation free energy
∆Gvap Vaporization free energy
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